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FUNCTIONALITY FOR PERSONALIZING 
SEARCH RESULTS 

BACKGROUND 

[0001] A search engine uses a ranking model to respond to 
a user’s query, typically by generating search results in the 
form of a ranked list of search result items. In many cases, the 
ranking model determines the ranking of items in a user 
agnostic manner. As such, the search engine will deliver the 
same search results to two distinct users who submit the same 

query. This behavior is satisfactory in many cases. However, 
the search engine can be expected to offer less optimal results 
for any user who has a specialiZed search intent that is not 
adequately addressed by the search engine’s ranking model. 
[0002] To address this issue, the research community has 
proposed numerous techniques for personaliZing the behav 
ior of a search engine based on the assessed characteristics of 
individual users. However, there is room for improvement in 
this ?eld of research. 

SUMMARY 

[0003] An illustrative query processing system is described 
for providing personaliZed results to a particular user u. The 
query processing system operates by receiving a query q from 
the particular user who intends to ?nd results that satisfy the 
query with respect to a topic T”, where the user is character 
iZed by user information 6”. The query processing system 
then produces a generic topic distribution Pr,(T|q) associated 
with the query that is germane to a population of generic 
users, as well as a user-speci?c query-dependent topic distri 
bution Pr(TM|q,6M) that speci?cally pertains to the particular 
user. The query processing system then produces personal 
iZed results for the particular user based at least on Pr,(T|q) 
and Pr(TM|q,6M) (or, in another implementation, based on just 
Pr(Tu|q,6u)). 
[0004] According to another illustrative aspect, the query 
processing system can be applied to environments which 
characterize users and items using other types of latent vari 
ables, such as reading level, geographic location, etc. 
[0005] According to another illustrative approach, the 
query processing system can produce Pr(TM|q,6M) using dif 
ferent techniques. In a ?rst technique, the query processing 
system applies Bayes’ theorem to produce Pr(Tu|q,6u) based 
on a language model, together with Pr(TM| 6”) (a user-speci?c 
query-independent distribution). In another approach, the 
query processing system can produce Pr(TM|q,6M) by 
reweighting Pr,(T|q) based on user-speci?c multipliers. In 
one approach, the query processing system can learn the 
user-speci?c multipliers in direct fashion using a discrimina 
tive learning technique. 
[0006] According to another illustrative aspect, a generat 
ing system can produce Pr(Tu|6M) for a particular user in an 
o?lline process, based on training data. More speci?cally, in 
one case, Pr(TM| 6M) re?ects a long-term pro?le for the user. In 
another case, Pr(Tu|6u) re?ects a short-term pro?le. 
[0007] The above approach can be manifested in various 
types of systems, components, methods, computer readable 
media, data structures, articles of manufacture, and so on. 
[0008] This Summary is provided to introduce a selection 
of concepts in a simpli?ed form; these concepts are further 
described below in the Detailed Description. This Summary 
is not intended to identify key features or essential features of 
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the claimed subject matter, nor is it intended to be used to 
limit the scope of the claimed subject matter. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0009] FIG. 1 shows a conceptual framework in which each 
user is associated with a user pro?le, expressed with respect to 
at least one latent variable; further, each item is associated 
with item characteristics, expressed with respect to at least 
one latent variable. 

[0010] FIG. 2 shows an illustrative query processing envi 
ronment for personaliZing results for a particular user. 
[0011] FIG. 3 shows one implementation of the query pro 
cessing environment of FIG. 2. 
[0012] FIG. 4 shows a graphical model that underlies one 
manner of operation of the query processing environment of 
FIG. 2. 
[0013] FIG. 5 shows an example of personaliZed results 
that may be produced using the query processing environ 
ment of FIG. 2. 
[0014] FIG. 6 shows a sample of a generic query-indepen 
dent topic distribution Pr,(T), a generic query-dependent 
topic distribution Pr,(T|q), a user-speci?c query-independent 
distribution Pr(Tu|6u), and a user-speci?c query-dependent 
topic distribution Pr(TM|q,6M) that can be produced by the 
query processing system of FIG. 2. 
[0015] FIG. 7 shows a procedure that represents an over 
view of one manner of operation of the query processing 
system of FIG. 2. 
[0016] FIG. 8 shows a procedure for generating Pr(Tu|6M) 
based on training data. 
[0017] FIG. 9 shows a procedure for generating Pr,(T|q). 
[0018] FIG. 10 shows a procedure for generating Pr(TM|q, 
6”) according to three illustrative techniques; the third such 
technique directly produces Pr(TM|q,6M) using a discrimina 
tive learning approach. 
[0019] FIG. 11 shows discriminative training functionality 
that can be used to produce Pr(Tu|q,6M) according to one of 
the techniques shown in FIG. 10. 
[0020] FIG. 12 shows illustrative computing functionality 
that can be used to implement any aspect of the features 
shown in the foregoing drawings. 
[0021] The same numbers are used throughout the disclo 
sure and ?gures to reference like components and features. 
Series 100 numbers refer to features originally found in FIG. 
1, series 200 numbers refer to features originally found in 
FIG. 2, series 300 numbers refer to features originally found 
in FIG. 3, and so on. 

DETAILED DESCRIPTION 

[0022] This disclosure is organized as follows. Section A 
describes an illustrative query processing environment for 
personaliZing results for a particular user. Section B describes 
illustrative methods which explain the operation of the query 
processing environment of Section A. Section C describes 
illustrative computing functionality that can be used to imple 
ment any aspect of the features described in SectionsA and B. 
[0023] As a preliminary matter, some of the ?gures 
describe concepts in the context of one or more structural 
components, variously referred to as functionality, modules, 
features, elements, etc. The various components shown in the 
?gures can be implemented in any manner by any physical 
and tangible mechanisms, for instance, by software, hardware 
(e.g., chip-implemented logic functionality), ?rmware, etc., 
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and/or any combination thereof. In one case, the illustrated 
separation of various components in the ?gures into distinct 
units may re?ect the use of corresponding distinct physical 
and tangible components in an actual implementation. Alter 
natively, or in addition, any single component illustrated in 
the ?gures may be implemented by plural actual physical 
components. Alternatively, or in addition, the depiction of any 
tWo or more separate components in the ?gures may re?ect 
different functions performed by a single actual physical 
component. FIG. 12, to be discussed in turn, provides addi 
tional details regarding one illustrative physical implementa 
tion of the functions shoWn in the ?gures. 
[0024] Other ?gures describe the concepts in ?owchart 
form. In this form, certain operations are described as consti 
tuting distinct blocks performed in a certain order. Such 
implementations are illustrative and non-limiting. Certain 
blocks described herein can be grouped together and per 
formed in a single operation, certain blocks can be broken 
apart into plural component blocks, and certain blocks can be 
performed in an order that differs from that Which is illus 
trated herein (including a parallel manner of performing the 
blocks). The blocks shoWn in the ?oWchar‘ts can be imple 
mented in any manner by any physical and tangible mecha 
nisms, for instance, by softWare, hardWare (e.g., chip-imple 
mented logic functionality), ?rmWare, etc., and/or any 
combination thereof. 
[0025] As to terminology, the phrase “con?gured to” 
encompasses any Way that any kind of physical and tangible 
functionality can be constructed to perform an identi?ed 
operation. The functionality can be con?gured to perform an 
operation using, for instance, softWare, hardWare (e.g., chip 
implemented logic functionality), ?rmWare, etc., and/ or any 
combination thereof. 
[0026] The term “logic” encompasses any physical and 
tangible functionality for performing a task. For instance, 
each operation illustrated in the ?oWcharts corresponds to a 
logic component for performing that operation. An operation 
can be performed using, for instance, softWare, hardWare 
(e.g., chip-implemented logic functionality), ?rmWare, etc., 
and/or any combination thereof. When implemented by a 
computing system, a logic component represents an electrical 
component that is a physical part of the computing system, 
hoWever implemented. 
[0027] The folloWing explanation may identify one or more 
features as “optional.” This type of statement is not to be 
interpreted as an exhaustive indication of features that may be 
considered optional; that is, other features can be considered 
as optional, although not expressly identi?ed in the text. 
Finally, the terms “exemplary” or “illustrative” refer to one 
implementation among potentially many implementations 
[0028] A. Illustrative Personalization Environment 
[0029] A query processing environment is described herein 
Which personalizes results (e.g., search results) With respect 
to one or more latent variables. More speci?cally, FIG. 1 
shoWs a conceptual frameWork in Which each user u Who is 
performing a search is characterized With reference to at least 
one latent variable, V”. That is, the variable V” identi?es some 
property of an item being sought by the user in the context of 
the submission of a query q. Each item is also characterized 
With reference to at least one latent variable, V d, Which iden 
ti?es a property of the item itself. The query processing envi 
ronment 200 leverages these variables by attempting to iden 
tify search results for Which the characteristics of the 
identi?ed items (as represented by the latent variable Vd) are 
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determined to satisfy the identi?ed needs of the user (as 
represented by the query and the latent variableVu) according 
to some speci?ed function 3“ based on V” and Vd. 
[0030] In most of the examples Which folloW, the variable 
V” describes a topic of a document that the user is seeking in 
the context of the submission of a query. In that context, V” is 
referred to as T”, having discrete states corresponding to 
different topics. For example, assume that T” has three dis 
crete states, corresponding to the topics of “computer sci 
ence,” “electrical engineering,” and “physics.” In performing 
a search at a particular time, the user is presumed to have an 
intent associated With a single topic; for example, the user 
may be looking for a document that: (a) satis?es the query; 
and (b) is associated With the ?eld of “electrical engineering.” 
Similarly, the variable Vd describes the topic actually associ 
ated With a particular document d. In that context, Vd is 
referred to as Td, having discrete states corresponding to 
different topics. The document is presumed to have a topic 
corresponding to one of the discrete states of T d; for example, 
a particular candidate document may pertain to the ?eld of 
“physics.” 
[0031] In general, the topics can refer to any respective 
categories de?ned With respect to any categorization para 
digm (and/or de?ned in an ad hoc manner Without reference 
to an established categorization paradigm). A topic may alter 
natively be interpreted as a ?eld, a class, a domain, an area, 
etc. 

[0032] In the above topic-related application, the query 
processing environment attempts to identify documents 
Which satisfy the query of the user in the context of the 
assessed topical intent of the user in performing a search, 
according to some function 3“ based on T” and Td. That is, 
consider a user Who inputs the query “resistance,” Where that 
user is interested in ?nding documents pertaining to resis 
tance in the context of “electrical engineering,” rather than, 
for example, political science. The query processing environ 
ment attempts to ?nd documents that satisfy the query Within 
the appropriate ?eld of electrical engineering. HoWever, at the 
time of performing the search, the query processing environ 
ment may not knoW the topic associated With the user’s search 
intent or the topic associated With each candidate document. 
As Will be described, the query processing environment 
addresses this issue by performing ranking based on various 
topic-based probability distributions. For example, one such 
probability distribution that may play a role in providing a 
personalized ranking is Pr(Tu|6u). Pr(Tu|6M) corresponds to a 
user-speci?c query-independent distribution of topics (de 
scribing possible topics that a user u may be looking for When 
submitting any query). That distribution can be expressed as 
a list of topics (e.g., “computer science,” “electrical engineer 
ing,” “physics,” etc.) and associated numbers Which re?ect 
the respective strengths of those topics. In general, the distri 
butions help disambiguate the intent of the user in submitting 
the query “resistance.” 
[0033] As to terminology, reference to a discrete variable 
(such as T0 pertains to a particular topic selected from a 
de?ned group of topics. Reference to a discrete variable in the 
context of a probability distribution (such as Pr(TM| . . . )) 
pertains to a distribution over plural topics. Reference to a 
topic T (Without a subscript) refers to a particular topic 
selected from a group of possible topics, Without reference to 
any particular user or particular document. 

[0034] Although topic-based personalization is featured in 
this document, the principles described herein extend to other 
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types of latent variables. For example, in another case, the 
variable V” describes the user’s desired reading level. The 
variable Vd corresponds to an actual reading level associated 
With a particular document. In this setting, the query process 
ing environment attempts to ?nd documents Which match an 
appropriate reading level of a particular user. In another case, 
the variable V” corresponds to the geographic location of the 
user, While the variable Vd corresponds to the geographic 
location of a particular item. 
[0035] Further, as set forth in Section B, the principles 
described herein extend to personalization that is performed 
With respect to combinations of tWo or more latent variables, 
such as document topic and geographic location. Further, as 
set forth in Section B, the principles set forth herein apply to 
cases in Which each item can be characterized by tWo or more 
states associated With a latent variable (e. g., Where each docu 
ment can be characterized by tWo or more topics associated 

with T”). 
[0036] Further, the query processing environment can form 
distributions associated With groups or classes of users, rather 
than, or in addition to, an individual user. For example, the 
query processing environment can form a probability distri 
bution Which characterizes the search intent of a certain 
demographic group (such as male users, ages 20-30), When 
those users submit a particular query q. Hence, T” can refer to 
the topical search intent of one particular user, or any user u 
associated With a particular group of users. 

[0037] FIG. 2 shoWs one implementation of the query pro 
ces sing environment 200. In this implementation, the particu 
lar user submits a query to a query processing system 202. 
The query processing system 202 processes the query, gen 
erates personalized search results, and forWards the person 
alized search results to the user. In one case, the search results 
may comprise a ranked list of documents Which match the 
needs of the user (as Well as satisfy the query). 
[0038] The principles described herein can also be applied 
to other scenarios. For example, in another case, the query 
processing environment 200 can provide product suggestions 
to the user based on the user’s assessed needs. Alternatively, 
or in addition, the query processing environment 200 can 
present advertisements to the user based on the assessed 
needs of the user. Alternatively, or in addition, the query 
processing environment 200 can provide one or more alter 
native query suggestions for the user’s consideration (or the 
query processing environment 200 can automatically identify 
and apply one or more alternative query suggestions). In other 
Words, the term “personalized results” can encompass other 
outcomes of personalization besides (or in addition to) a 
ranked list of result items. 

[0039] Further, the query processing environment 200 can 
process a “query” Which may implicitly re?ect the contextual 
setting in Which the user interacts With any application or 
other functionality, rather than (or in addition to) an explicit 
query input into a broWser by the user. For example, the user 
may be investigating a certain part of an online catalog, from 
Which his or her informational needs can be inferred. Or the 
user may be Writing (or receiving) an Email message pertain 
ing to a certain topic, from Which his or her informational 
needs can be inferred. HoWever, to facilitate explanation, the 
examples set forth herein Will primarily describe the case in 
Which the query processing environment 200 functions in the 
role of a search engine, that is, by responding to queries 
expressly submitted by users. For example, the functionality 
described herein can be incorporated into any commercial 
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search engine functionality, such as the BingTM search engine 
provided by Microsoft Corporation of Redmond, Wash. 
[0040] Further, in the examples set forth herein, the search 
results describe items that correspond to documents, such as 
pages that can be accessed via a Wide area netWork (such as 
the Internet). But the principles described herein can also be 
applied to other settings in Which the items correspond to 
other resources, such as records in a database. In that context, 
the query processing environment 200 may correspond to a 
database query processing system. 
[0041] The query processing environment 200 includes (or 
can be conceptualized to include) a collection of modules 
Which perform respective functions. In one implementation, 
the query processing environment 200 may adopt a ?exible 
and extensible design. This means that any functional module 
shoWn in FIG. 2 can be replaced With another module that 
achieves the same end-objective, Without requiring adapta 
tion of other modules in the query processing environment 
200. 

[0042] To begin With, the query processing system 202 
includes an interface module 204 for receiving a query from 
a user u. More speci?cally, in submitting the query, q, the user 
is presumed to be attempting to ?nd at least one document, d, 
that satis?es the query and has a single desired target topic, 
T”, where, as said, that topic is selected from a group of 
possible topics corresponding to the possible discrete states 
of TM. The user himself or herself is characterized by user 
information, 6”. As Will be set forth beloW, the user informa 
tion 0” can be expressed in various forms, such as one or more 
topic-based probability distributions. In addition, or altema 
tively, 6” can be expressed by a collection of parameters that 
can be learned in a discriminative manner based on training 
data. 
[0043] A feature determination module 206 generates fea 
tures that can be used to characterize any aspect(s) of a con 
text in Which a user is attempting to ?nd information. For 
example, the feature determination module 206 can generate 
features that characterize each combination of a query and a 
candidate document under consideration. More speci?cally, 
one type of feature describes a characteristic of the query 
itself (such as a linguistic property of the query).Another type 
of feature describes a characteristic of the candidate docu 
ment itself. Another type of feature describes a characteristic 
Which depends on a combination of the query and the candi 
date document, and so on. Other features may describe the 
setting or circumstance in Which a user is conducting a search, 
potentially independent of the query. For example, features 
may describe characteristics of the user, characteristics of the 
user’s search location, characteristics of the time at Which the 
user is conducting a search, and so on. More generally stated, 
any search engine functionality can be used to generate the 
features that characterize the user’s submission of the query. 
[0044] As used herein, the term search engine functionality 
can refer to any engine Which retrieves results using a search 
index in conjunction With a ranking algorithm. But the term 
search engine functionality also encompasses alternative 
engines for retrieving results based on any input query, Where, 
as said, the query can refer to an inquiry that is implicitly 
and/or explicitly speci?ed by the user. For example, as 
broadly used herein, a search engine encompasses a product 
recommendation engine, an advertisement selection engine, 
etc. 

[0045] A generic user predictor module 208 produces a 
query-dependent generic topic distribution Pr,(T|q) (referred 
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to below, for brevity, as a generic topic distribution). The 
generic topic distribution provides information regarding the 
topics (T) that a general class of users are typically seeking 
When these users submit a query q. The subscript “r” in 
Pr,(T|q) indicates that the generic topic distribution applies to 
any random user Who is represented by such a generic class of 
users. The generic topic distribution Pr,(T|q) can also be 
referred to as a background model, insofar as it de?nes the 
baseline behavior of the query processing system 202, With 
out considering the speci?c characteristics of a particular 
user. 

[0046] The generic user predictor module 208 can formu 
late Pr,(T|q) as a list of topics and respective Weights. The 
Weight associated With a particular topic identi?es the 
strength or popularity of that topic among the generic class of 
users. Section B describes an illustrative technique for gen 
erating the generic topic distribution Pr,(T|q). By Way of 
overvieW, the generic user predictor module 208 may produce 
Pr,(T|q) based on search results provided by general-purpose 
search engine functionality. That is, insofar as this function 
ality is designed to provide results that are applicable to a 
Wide class of users in an undifferentiated manner, the output 
of this functionality represents an appropriate resource to 
mine in generating Pr,(T | q). 
[0047] In contrast, a particular user predictor module 210 
produces a user-speci?c query-dependent topic distribution 
Pr(Tu|q,6M). This distribution identi?es the topic TM that a 
particular user u is likely seeking, given that the user has 
submitted the query q. Like the generic topic distribution, the 
particular user predictor module 210 can represent Pr(TM|q, 
6”) as a list of topics and respective Weights. 
[0048] As Section B Will set forth, the particular user pre 
dictor module 210 can use one or more techniques to produce 
Pr(Tu|q,6M). FIG. 2 generally labels these techniques as func 
tionality X, functionalityY, functionality Z, etc. For example, 
in one approach, the particular user predictor module 210 can 
produce Pr(Tu|q,6M) using a language model in conjunction 
With a user-speci?c query-independent distribution Pr(Tu| 6”) 
(Where Pr(Tu|6M) describes a prior probability that the par 
ticular user searches for a topic, independent of the query). In 
another approach, the particular user predictor module 210 
can produce Pr(TM|q,6M) by reWeighting the generic topic 
distribution Pr,(T|q), e.g., using a generative technique or a 
discriminative technique (to be described in Section B 
beloW). 
[0049] A ranking module 212 produces personaliZed 
search results for the particular user based on one or more of 
the features (produced by the feature determination module 
206), the generic topic distribution Pr,(T|q) (produced by the 
generic user predictor module 208), and the user-speci?c 
query-dependent topic distribution Pr(TM|q,6M) (produced by 
the particular user predictor module 210). In some cases, the 
ranking module 212 can also leverage plural different meth 
ods of generating Pr(Tu|q,6M) in generating search results. 
The interface module 204 then forWards the personaliZed 
search results to the user. 

[0050] In one case the ranking module 212 performs its 
ranking function in a single-stage manner based on the fea 
tures provided by the feature determination module 206, as 
Well as features derived from topic distributions (e.g., Pr, 
(T|q), Pr(Tu|q,6M), etc.). For example, illustrative features 
may include: the length of the query in characters or Words; 
the entropy of the result set’s topics; the amount of user data 
that is associated With the particular user; an indication of the 
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last time the user interacted With the query processing system 
202; information derived from Pr,(T|q) by itself; information 
derived from Pr(Tu|q,6M) by itself; information derived from 
a divergence or other joint consideration of Pr,(T|q) and 
Pr(Tu|q,6M), and so on. The ranking module 212 can take into 
consideration all or some of the above-described features in 
performing its ranking function. 
[0051] In another case, the ranking module 212 ?rst pro 
duces an initial ranking based on just the features provided by 
the feature determination module 206. In other Words, this 
initial ranking re?ects a “standard” ranking of search results 
provided by any search engine functionality, possibly Without 
personalization. The ranking module 212 then applies (in one 
implementation) Pr,(T| q) and Pr(Tu|q,6u) to reWeight the ini 
tial search results, producing a neW ordering of items in the 
search results. This type of algorithm can be referred to as a 
dual-stage (or multistage) algorithm because it produces its 
results in multiple stages. 
[0052] Alternatively, or in addition, the ranking module 
212 can also incorporate some of the original (unmodi?ed) 
search results from the search engine functionality in the ?nal 
search results that it forWards to the user. For example, the 
query processing system 202 can retain the top-ranked search 
result item (or plural items) in the initial results Without 
subjecting the item(s) to re-ranking. In another application, 
the ranking module 214 can perform a “deep search” by 
applying the personalization-based re-ranking technique to 
extract potentially relevant documents deep Within the initial 
list of ranked search results (e.g., starting at position 200 in 
the initial list), e.g., by boosting the relevance of these loW 
ranked documents based on Pr(Tu|q,6u). 

[0053] In certain circumstances, the ranking module 212 
may decide to forego personaliZation or otherWise reduce the 
amount of personaliZation that it performs. For example, the 
ranking module 212 may decide to omit or reduce personal 
iZation When the query that the user has submitted is su?i 
ciently unambiguous. In addition, or alternatively, the rank 
ing module 212 may decide to omit or reduce personaliZation 
When insu?icient information is available to accurately per 
form this task. For example, assume that the query processing 
system 202 has never previously encountered the Words in a 
particular query. In this case, the query processing system 202 
Will conclude that it does not have su?icient information to 
appropriately calculate Pr(q|T) (referred to as a language 
model of q, given T). As Will be described in Section B, the 
ranking module 212 can also leverage uncertainty informa 
tion associated With the probabilistic models in determining 
an extent to Which personaliZation is performed. 

[0054] In one manner of operation, the query processing 
system 202 performs its functions in a dynamic manner, 
meaning that the query processing system 202 provides the 
search results to a user shortly after the submission of a query. 
The query processing environment 200 can also include a 
generation system 214 for generating various information 
items that play a supporting role in the dynamic computations 
performed by the query processing system 202. In one case, 
the generation system 214 performs its operation in an of?ine 
manner, meaning any time prior to the submission of a par 
ticular query by the user. But, more generally, any functions 
that are described herein as being performed of?ine can alter 
natively, or in addition, be performed in an online dynamic 
manner. Similarly, any functions that are described herein as 
performed online can alternatively, or in addition, be per 
formed in an o?line manner. For example, the generation 
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system 214 can periodically or continuously update its infor 
mation as neW data is received for analysis by the query 
processing environment 200. 
[0055] FIG. 2 identi?es an illustrative list of information 
items that can be provided by the generation system 214, each 
of Which Will be described in Section B. By Way of overvieW, 
as one information item, the generation system 214 produces 
a user-speci?c query-independent distribution, Pr(TM| 0”). 
That distribution describes the prior probability that the par 
ticular user u Will search for any topic associated With the 
discrete-valued variable Tu, independent of any query. More 
speci?cally, for each user, this distribution Pr(Tu|0M) can be 
expressed as a list of topics and associated Weights. The topics 
in the distribution represent topical ?elds of interest exhibited 
by the user on prior occasions. The Weights indicate the 
respective strengths of those interests. The generation system 
214 can produce a counterpart query-independent distribu 
tion Pr,(T) for the case of generic users. 
[0056] Overall, the distribution Pr(Tu|0u) re?ects a pro?le 
of the user. As Will be described in Section B, the generation 
system 214 produces Pr(Tu| 0”) based on user data provided in 
a data store 216. The user data may re?ect any prior behavior 
of the user Which evinces his or her topical interests, and/or 
any other information Which can be mined to determine the 
topical interests of the user. For example, the user data may 
describe prior queries submitted by this user, prior search 
results returned in response to the queries, and actions taken 
(and/or not taken) by the user in response to receiving the 
search results. For example, the user data may identify items 
in the search results that the user has “clicked on” or other 
Wise acted on. In addition, or alternatively, the user data may 
identify broWsing actions performed by the user, desktop 
activities including document or email creation and reading 
patterns, etc. 
[0057] In one example, the user pro?le may re?ect a long 
term pro?le associated With the user, e.g., Which may extend 
over hours, days, Weeks, months, years, etc. Alternatively, or 
in addition, the user pro?le may re?ect a short-term pro?le. 
For example, the user pro?le may re?ect the interests 
expressed by a user in a same search session, and thus can 
encompass even user behavior that occurred just a feW sec 
onds or minutes in the past. 

[0058] Finally, the generation system 214 can use any 
o?line and/or online training method to produce (and subse 
quently update) the ranking model that is used by the ranking 
module 212, in either the single-stage mode of operation or 
the dual-stage mode of operation. For example, the genera 
tion system 214 can collect a corpus of training data that 
re?ects the online activity of a population of users. The gen 
eration system 214 can then use any type of training function 
ality to derive the ranking model based on the training data, 
such as, but not limited to, the LambaMART technique 
described in Wu, et al., “Ranking, Boosting, and Model Adap 
tation,” Microsoft Research Technical Report MSR-TR 
2008-109, Microsoft® Corporation, Redmond, Wash., 2008, 
pp. 1-23 

[0059] More speci?cally, the online activity can correspond 
to queries submitted by the users, search results provided to 
the users by the search engine functionality in response to the 
queries, clicks or other actions taken by the users in response 
to receiving the search results, etc. The generation system 214 
forms the training data from this online activity by consider 
ing respective pairings of queries and search result items that 
Were presented to the users. For example, the generation 
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system 214 can specify a set of training features that capture 
different aspects of each such pairing. At least some of those 
training features may correspond to the personalization 
based features described in greater detail in Section B. The 
generation system 214 also applies a label to each pairing of 
a query and a search result item, indicating the extent to Which 
the search result item satis?es the query. In one case, the 
generation system 214 can rely on a human analyst to manu 
ally supply the judgment labels. In addition, or alternatively, 
the generation system 214 can automatically apply these 
labels, e.g., by inferring judgments based on click selections 
made (or not made) by the users. (For example, a user Who 
clicks on a search result item may be considered to have 
expressed a judgment that the item satis?es the user’s query.) 
The training algorithm then produces the ranking model 
based on this corpus of training data, e.g., by generally 
attempting to learn the manner in Which different combina 
tions of features map to the identi?ed judgments. 
[0060] FIG. 3 describes one implementation of the query 
processing environment 200 of FIG. 2. In that implementa 
tion, a user uses broWsing functionality 302 provided by local 
computing functionality 304 to access the query processing 
system 202. Remote computing functionality 306 may imple 
ment the query processing system 202. A communication 
conduit 308 couples the local computing functionality 304 
With the remote computing functionality 306. 
[0061] The generation system 214 interacts With the data 
store 216 (not shoWn in FIG. 3) and the query processing 
system 202. The generation system 214 and the query pro 
cessing system 202 can be implemented at the same site or 
different respective sites. Further, the generation system 214 
and the query processing system 202 can be implemented by 
the same entity or different respective entities. 
[0062] The local computing functionality 304 may repre 
sent any type of computing device, such as a personal com 
puter, a computer Workstation, a laptop computer, a game 
console device, a set-top box device, a personal digital assis 
tant (PDA), a mobile telephone, a tablet-type computer, an 
electronic book-reader device, and so on. The remote com 
puting functionality 306 may represent one or more server 
computers and associated data stores, etc., provided at a cen 
tral location or distributed over plural locations. The commu 
nication conduit 308 represents any type of local area net 
Work, any type of Wide area netWork (e. g., the Internet), any 
type of point-to-point connection, and so on, or any combi 
nation thereof, governed by any protocol or combination of 
protocols. 
[0063] In an alternative implementation, the local comput 
ing functionality 304 can implement the entire query process 
ing system 202 or at least parts of the query processing system 
202. 

[0064] FIG. 4 shoWs a graphical model that underlies one 
manner of operation of the ranking module 212 of the query 
processing system 202. In this example, a user u, Who is 
characteriZed by user information 0”, submits a query q. The 
user is searching for a document that satis?es the query and 
has a desired topic T”. An actual candidate document d has a 
topic T d. The variables 0”, q, and d are considered knoWn. The 
variable 1[)(d,q), referred to as a non-topical relevance score, 
corresponds to the user-independent probability that the 
document is relevant to the query. The ranking module 212 
can produce 1[)(d,q) based on an original relevance score 
provided by any search engine functionality. Hence, in a ?rst 
approach, 1[)(d,q) is considered an observed variable Which is 
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provided by search engine functionality. In a second 
approach, described below, 1[)(d,q) is not considered an 
observed variable. 
[0065] The variable coveru(d,q) is 1 if Td “covers” (e.g., 
addresses) the information need Tu, and 0 otherWise. In one 
implementation, the conditional distribution Pr(coveru(d,q) 
IT”, Td) can be expressed as l[Tu:Td], meaning that this 
distribution equals 1 When TMITd. More generally, Pr(coveru 
(d,q)lTu, T d) can be expressed as a function of some distance 
betWeen topics TM and Td (e.g., some measure of similarity 
betWeen these tWo topics). For example, in one representative 
implementation, Pr(coverM(d,q)|TM, Td) equals: i) 1 if TfTd, 
ii) 0.1 if topics TM and Td share a top-level category in a 
hierarchical ontology (e.g., topics “computer science” and 
“software” share the top-level topic of “computers”); and iii) 
0 otherWise. Alternatively, or in addition, Pr(coveru(d,q)|Tu, 
T d) can re?ect a distribution that is learned based on training 
data. 
[0066] Finally, in one approach, the variable relu(d,q) is set 
to 1 if the user u considers a document d relevant to the query, 
and is set to 0 otherWise. The probability Pr(relu(d,q) 
:1 |coveru(d,q),1[) (d,q)) equals 0 if coverM(d,q):0, and equals 
1[)(d,q) otherWise. In another approach, the variable relu(d,q) 
can express a range of relevance values. 

[0067] The folloWing formula is obtained by integrating 
over all latent variables (e.g., TM, Td). 

Pr(relu(d, q) : 1 l0”, q, d, (Mg, d)) (1) 

= W. :02 Pm | Mm 
Td 

Where, 

[0068] More speci?cally, it is assumed that the user has a 
particular single search intent (TM) and each candidate docu 
ment has a single topic (T d). But since these may not be 
knoWn at the time of search, Equation (1) performs aggrega 
tion over Tu and T d. If T” and Td are knoWn, then such aggre 
gation Would be omitted. 
[0069] The ranking module 212 can apply Equation (1) in 
different Ways. Generally, the score provided by Equation (1) 
can be considered as a feature for a particular document d and 
a particular q. The ranking module 212 can use this feature to 
determine the ?nal ranking of this document in the list of 
search results. In one case, the ranking module 212 uses the 
output of Equation (1) as the sole consideration in determin 
ing the relevance of d to q. In another case, the ranking 
module 212 uses the output of Equation (1) as one feature, in 
combination With one or more other features, in determining 
the relevance of dto q. In both cases, the in?uence of Equation 
(1) alloWs the ranking module 212 to take into account the 
query-particular needs of the user (e.g., as re?ected by the 
user-speci?c query-dependent distribution Pr(Tu|q,6u)). 
[0070] The approach described above assumes that the 
search engine functionality provides the non-topical rel 
evance score 1[)(q,d). HoWever, this is an approximation; it 
actuality, it may be dif?cult to produce a score Which fully 
summarizes the complete non-topical contribution to rel 
evance. More speci?cally, the search engine functionality 
may be trained based on the online activity of a large group of 
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users. If so, the search engine functionality may generate 
results for a query Which are biased With respect to the inter 
ests of this group of users. For example, consider the query 
“Jaguar.” If most people Who input “Jaguar” are interested in 
?nding documents about the automobile Jaguar, then the 
search results Will favor documents pertaining to the automo 
bile Jaguar, as opposed to the animal jaguar. 
[0071] To address this issue, the ranking module 212 can 
perform ranking in a manner Which takes into account the 
generic topic distribution Pr,(T|q) of the “generic” user, as 
Well as Pr(Tu|q,6u), thereby expressly modeling the biasing 
effect described above. More speci?cally, the ranking module 
212 can compute a relevance score (rel score) associated With 
a particular document d and query a by multiplying an origi 
nal relevance score (obs(d,q)) by a reWeighting factor. For 
example, rel score can be expressed as: 

over Which aggregation is performed. The numerator of 
Equation (2) corresponds to 0t(Td) of Equation (1). Any 
search engine functionality can provide the original relevance 
score obs(d,q), e.g., based on its general-purpose ranking 
model. Equation (2) satis?es the folloWing invariance prop 
erty: When Pr,(T|q) is the same as Pr(Tu|q,6u), the ranking 
module 212 does not modify an original obs(d,q) score. 
[0073] As in the case of Equation (1), the ranking module 
212 can treat the output of Equation (2) as a feature for a 
particular d and q. The ranking module 212 can use that 
feature as the sole factor in assessing the relevance of the 
document in the ?nal search results, or just one feature among 
other features. Further, Equations (1) and (2) can also be 
modi?ed so that they depend one or more additional consid 
erations, not presently speci?ed in Equations (1) and (2). 
[0074] In summary, FIG. 4 labels the conceptual frame 
Work for Equation (1) (Which does not take into consideration 
the generic topic distribution) as model 1. FIG. 4 labels the 
conceptual framework for Equation (2) (Which does take into 
consideration the generic topic distribution) as model 2. 
[0075] To repeat, hoWever, the ranking module 212 can 
alternatively employ a single-stage process to generate the 
search results, e. g., Without ?rst generating an initial ranking 
(associated With obs(d,q)). In that scenario, the ranking mod 
ule 212 can add features associated With Pr,(T|q) and/or 
Pr(Tu|q,6u) to a feature vector, Which is thenused by a ranking 
algorithm to determine the ranking of documents. 
[0076] Further, the equations developed above can be 
applied to other environments that are characterized by other 
latent variables. For example, With respect to the latent vari 
able of reading level, a distribution Pr(Vu|q,6u) can re?ect a 
user-speci?c distribution of reading level pro?ciencies With 
respect to a particular query q. The distribution Pr,(V|q) 
re?ects the distribution of reading level pro?ciencies for a 
random user that issues the particular query q. These tWo 
distributions can be applied to Equation (2) to provide a 
personaliZed ranking for a user based on reading level, rather 
than, or in addition to, topics. 
[0077] Advancing to FIG. 5, this ?gure shoWs the behavior 
of the query processing environment 200 of FIG. 2 for an 
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illustrative scenario. In that example, assume that a particular 
user inputs the query “jaguar” into an input ?eld 502 of an 
interface provided by the interface module 204. First assume 
that the query processing system 202 does not take into con 
sideration the user’s pro?le, Which expresses his or her prior 
topic preferences. In that case, the query processing system 
202 generates illustrative search results 504, identifying a 
document pertaining to the automobile named “Jaguar” as a 
top-ranking search result item. The second search result item 
pertains to the American football team named the “Jaguars.” 
The third search result item pertains to the animal named 
“jaguar.” This hypothetical ranking may re?ect the fact that 
mo st users are interested in ?nding information regarding the 
automobile named Jaguar When they input the query “jaguar.” 
[0078] NoW assume that the query processing system 202 
takes into account the topic preferences of a particular user. 
Further assume that the particular user has a user pro?le 
Which indicates that he or she is interested in Zoological topics 
and nature-related topics. Hence, the query processing sys 
tem 202 may generate search results 506, Which noW elevates 
the document pertaining to the animal jaguar as the top 
ranking search result item. 
[0079] FIG. 6 shoWs a small sample of the distribution of 
topics associated With Pr,(T) (the query-independent generic 
topic distribution), Pr,(T|q) (the query-dependent generic 
topic distribution), Pr(Tu| 6”) (the user-speci?c query-inde 
pendent distribution), and Pr(Tu|q,6M) (the user-speci?c 
query-dependent topic distribution). Each distribution 
includes a list of topics and Weights associated thereWith. As 
explained above, a Weight identi?es the popularity of a par 
ticular topic. 
[0080] In the merely illustrative example of FIG. 6, the 
generic topic distribution Pr,(T|q) may indicate that, When 
most people input the query “jaguar,” they are predominantly 
interested in researching the topic of Jaguar, the automobile. 
HoWever, for this particular user in question, the user-speci?c 
query-dependent distribution Pr(Tu|q,6M) indicates that, 
When this person enters the query “jaguar,” he or she is most 
likely interested in a nature-related topic. The query-indepen 
dent distributions may also shed light on the manner in Which 
the search results can be appropriately personaliZed for this 
user. For example, the query-independent distribution 
Pr(Tu| 6”) indicates that the user is generally interested in the 
topic of conservation, Which may have some bearing on the 
decision to Weight an animal-related topic over a luxury car 
related topic. 
[0081] The query processing environment 200 can rely on 
any ontology to de?ne the topics for Which distributions are 
formed. In one case, for example, the query processing envi 
ronment 200 can assign Weights to topics de?ned by the Open 
Directory Project (ODP). Alternatively, or in addition, the 
query processing environment 200 can specify its oWn (cus 
tom) ontology of topics, or the query processing environment 
200 can learn the topics in an unsupervised fashion from a 
large corpus of data 
[0082] In the examples set forth above, the ranking module 
212 outputs personaliZed results for the user in the form of a 
collection of ranked search result items. But, as stated above, 
the ranking module 212 can also use the query, in conjunction 
With one or more of the above-described probability distribu 
tions, to provide other forms of personaliZed results for the 
user. For example, the ranking module 212 can use the query 
and probability distributions to identify the topic that the user 
is presumed to be looking for in the context of the submission 
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of the query. A query reformulation module 218 can then act 
on that conclusion by: (1) suggesting a reformulation of the 
query for the user’s consideration; (2) and/or automatically 
reformulating the query for the user and submitting it to the 
search engine functionality; (3) and/ or asking the user to 
clarify his or her search intent, etc. 

[0083] For example, assume that a user expresses the input 
query “Ryan White.” For most users, the ranking module 212 
Will assume that the query is correctly spelled and that the 
user, in fact, intends to search for the name “Ryan White.” In 
another scenario, the user’s pro?le may indicate that he or she 
frequently performs searches related to the ?eld of informa 
tion retrieval. Based on this user pro?le, the ranking module 
212 may realiZe that there is a good chance that the user 
actually intends to search for the person “Ryen White,” a 
researcher Who is active in the ?eld of information retrieval. 
The ranking module 212, in cooperation With the query refor 
mulation module 218, can therefore offer the user an altema 
tive query suggestion in the form of “Ryen White,” and/or 
automatically submit a reformulated query “Ryen White” to 
the search engine functionality, and/ or ask the user if he or she 
actually intended to type “Ryen White,” etc. As an outcome, 
the user Will receive the customiZed result in Which “Ryen” 
replaces “Ryan,” even though the name “Ryan” is far more 
common than “Ryen,” When considered in general. 

[0084] Nevertheless, to facilitate explanation, most of the 
folloWing examples Will assume that the ranking module 212 
generates personaliZed results in the form of a ranked list of 
search result items. 

[0085] B. Illustrative Processes 
[0086] FIGS. 7-10 shoW procedures Which explain the 
operation of the illustrative query processing environment 
200 of FIG. 2. Since the principles underlying the operation of 
the query processing environment 200 have already been 
described in SectionA, certain operations Will be addressed in 
summary fashion in this section. 

[0087] Beginning With FIG. 7, this ?gure shoWs a proce 
dure 700 that represents an overvieW of one manner of opera 
tion of the query processing system 202 of FIG. 2. In block 
702, the query processing system 202 receives a query q from 
a particular user u Who is assumed to be searching for a 
document Which satis?es the query With respect to the topic 
T”, where the user is characteriZed by user information 6”. In 
block 704, the query processing system 202 optionally pro 
duces a query-dependent generic topic distribution Pr,(T|q) 
associated With the query that is germane to a population of 
generic users. In block 706, the query processing system 202 
produces a user-speci?c query-dependent topic distribution 
Pr(TM|q,6M) associated With the query for the particular user. 
In block 708, the query processing system 202 produces 
personaliZed results for the particular user based on the 
generic topic distribution Pr,(T|q) and the user-speci?c 
query-dependent topic distribution Pr(Tu|q,6M) (or, in the case 
of Equation (1), just Pr(TM|q, 0)). The query processing sys 
tem 202 can perform this task in a single stage or in tWo or 
more stages (e. g., by ?rst generating an original ranking using 
any search engine functionality, and then using Pr,(T|q) and 
Pr(TM|q, 8) to modify that original ranking, e.g., as per Equa 
tion (2)). Alternatively, or in addition, the personaliZation 
performed in block 708 can comprise a query reformulation, 
or other personaliZed results. Finally, in block 710, the query 
processing system 202 sends the personaliZed results to the 
user. 
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[0088] FIG. 8 shows a procedure 800 by Which the genera 
tion system 214 produces Pr(TM| 6”) based on training data for 
a particular user u. In block 802, the generation system 214 
produces training data based on the user data stored in the data 
store 216. In one case, the user data, for the particular user, 
comprises queries submitted by this user, search results pro 
vided to the user in response to the queries, and indications of 
actions taken (or not taken) by the user in response to the 
search results. The user data can also include general broWs 
ing activity, desktop activity, explicit user preferences, etc. 
[0089] The generation system 214 can apply different strat 
egies to correlate the actions taken by a user With judgments 
that are implicitly being expressed by the user. For instance, 
in one approximation, the generation system 214 assumes 
that, upon selecting a document, the user’s desired target topic 
(Tu) matches the topic of the document that has been selected. 
More speci?cally, assume that the user submits a query q and 
receives, in response, search results that identify a ranked list 
of documents. Further suppose that the user clicks on c docu 
ments in the search results, e.g., d1, d2, . . . , dc. Altogether, this 
activity de?nes one instance t of the user’s search session. The 
distribution of topics MT), for this instance t can be calcu 
lated by determining the strengths of topics T expressed in the 
documents that have been clicked on, summing up those 
contributions over all of the documents clicked on (on a 
per-topic basis), and dividing by c (the number of documents 
that have been clicked on). That is, 

A c (3) 

Pr(T), = Pr(T | d;). 
[:1 

[0090] In this expression, Pr(T|dl-) describes an individual 
document’s user-independent and query-independent topic 
distribution. In other Words, Pr(T|dl-) re?ects the topics asso 
ciated With the document, given the characteristics of the 
document itself (such as the textual characteristics of the 
document). The generation system 214 can produce Pr(T|dl.) 
for each document in an o?line manner using any type of 
classi?er, such as a text-based classi?er. 
[0091] For example, suppose the user clicked on ?ve items 
in the search results, after submitting a particular query. To 
determine the Weight of a “sports” topic in the distribution 
MT), the generation system 214 can add up the Weights 
associated With the “sports” topic over the ?ve result items 
that have been clicked on, folloWed by dividing by 5. 
[0092] The generation system 214 can generate an instance 
of training data, for a particular user, as a particular pair of qt 
and MT), That is, qt is a query submitted by the user that 
causes the search engine functionality to provide particular 
search results; MT), describes a distribution of topics asso 
ciated With documents clicked on by a user Within the search 
results. 
[0093] In block 804, the generation system 214 can noW 
produce Pr(Tu|6u) based on N training points Which have 
been produced in the above-described manner for a particular 
user u. For example: 

1 N A (4) 

Pr(Tu | 0.) = N2 MT), 
1:1 
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[0094] In other Words, the generation system 214 sums the 
per-topic contributions of MT), over N training points, and 
then divides by N, essentially forming an average represen 
tation of the MT), distributions. Since Pr(Tu|6M) is computed 
Without reference to queries, the resultant Pr(Tu|6u) distribu 
tion re?ects a user-speci?c, but query-independent, distribu 
tion of the user’s interests. 

[0095] In other cases, the query processing system 202 can 
form user-speci?c query-independent distributions for 
respective groups of users. Such a distribution applies to an 
individual user insofar as that user is a member of a particular 

group. The query processing system 202 can form such a 
distribution by clustering users into a group based on or more 
shared characteristics of the users, and then computing a topic 
distribution for the group in the manner speci?ed above. Or 
the query processing system 202 can form the topic distribu 
tion for the group based on the individual Pr(Tu| 6”) distribu 
tions for the group members. 

[0096] FIG. 9 shoWs one possible procedure 900 for gen 
erating the generic topic distribution Pr,(T|q). In block 902, 
the query processing system 202 generates the top n results 
for a particular query q using any search engine functionality, 
Without taking into consideration the user Who may have 
submitted this query. More speci?cally, in one case, the 
search engine functionality provides general-purpose search 
results that are not tailored to any particular individual users, 
ultimately re?ecting the prevalent interests expressed in the 
corpus of training data that is used to produce the ranking 
model of the search engine functionality. Hence, the query 
processing system 202 can use these results as an approxi 
mate representation of the distribution of topics With respect 
to a generic population of users. In block 904, the query 
processing system 202 produces a Weighted average of the 
topic distributions in the top n search results for the particular 
query q, yielding the distribution Pr,(T|q). 
[0097] More speci?cally, consider the simpli?ed case in 
Which the query is “jaguar,” Which yields 20 top-ranked 
search result items. The query processing system 202 can 
assess the Weight of the topic “nature” for this query by 
determining the strength of this topic in each of the tWenty 
search result items (e.g., using the per document Pr(Td|d) 
distributions). The query processing system 202 then Weights 
each of these contributions in an appropriate manner, for 
example, by Weighting the highest-ranking item more than 
other items in the search results. (Other Ways of Weighting are 
possible, such as by considering the amount of time that the 
user dWells on a particular result item, etc.) The query pro 
cessing system 202 then sums the Weighted contributions to 
provide an aggregate Weight for the topic “nature,” for the 
particular query “jaguar,” and divides by the total number of 
contributions. The query processing system 202 performs this 
over all topics in the top search results to yield the distribution 
Pr,(T|q). 
[0098] The query processing system 202 can alternatively, 
or in addition, use other techniques to produce the back 
ground distribution Pr,(T|q). For example, the query process 
ing system 202 can identify the set of items (e. g., URLs) in the 
search results (and/or independent of the search results) that 
have been selected (e.g., clicked on) by users in response to 
the submission of a particular query. The query processing 
system 202 can then produce Pr,(T|q) based on the distribu 
tion of topic strengths associated With the set of result items 
that have been selected. 
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[0099] In another case, assume that a distribution of topics 
for generic users Pr,(T) and a language model Pr(q|T) are 
provided. The query processing system 202 can apply Bayes’ 
rule to obtain Pr,(T|q), in effect by multiplying these tWo 
distributions and renorrnalizing. 
[0100] FIG. 10 shoWs a procedure for generating Pr(TM|q, 
6”) according to three illustrative techniques. Blocks 1002, 
1004, and 1006 represent a ?rst technique that computes 
Pr(Tu| q,6u) based on a language model and Pr(Tu| 6”). That is, 
in block 1002, the query processing system 202 receives a 
language model that can be produced in an o?line manner by 
the generation system 214. The language model is denoted by 
Pr(q|T). For example, the generation system 214 may pro 
duce and provide a unigram language model given by Pr(q|T) 
:s'cwéq Pr(W|T) for each T, Where W denotes a Word in the 
query q. In block 1004, the query processing system 202 
receives the user-speci?c query-independent distribution 
Pr(Tu| 6”), computed in the manner described above for FIG. 

[0101] Inblock 1006, the query processing system 202 uses 
the language model Pr(q|T) and the user-speci?c query-inde 
pendent distribution Pr(TM| 6”) to produce Pr(Tu|q,6M). For 
example, in one implementation, the query processing system 
202 can apply Bayes’ theorem to obtain: 

[0102] In this expression, T' is a topic over Which aggrega 
tion is performed. This type of model can be classi?ed as a 
generative model because it indirectly attempts to produce 
Pr(TM|q,6M) based on the prior distribution Pr(TM| 6M) and the 
observation distribution Pr(q|T). 
[0103] Blocks 1008, 1010, and 1012 correspond to a sec 
ond technique for generating Pr(Tu|q,6M). And block 1014 
corresponds to a third technique for generating Pr(TM|q, 6”). 
Both the second and the third techniques operate by reWeight 
ing the generic topic distribution Pr,(T|q) by user-speci?c 
multipliers. 
[0104] Starting With the second technique, in block 1008, 
the query processing system 202 receives the query-depen 
dent generic topic distribution Pr,(T|q) and a query-indepen 
dent generic topic distribution Pr,(T). In block 1010, the 
query processing system 202 receives the user-speci?c query 
independent distribution Pr(TM| 6”). In block 1012, the query 
processing system 202 produces Pr(Tu|q,6u) based on Pr, 
(T|q), Pr,(T), and Pr(Tu|6u). For example, in one approach, 
the query processing system 202 produces Pr(TM|q,6M) using 
the folloWing expression, again applying Bayes’ rule: 

[0105] The distribution Pr,(T) can be computed in an 
o?line manner, e. g., in the manner speci?ed in Equation (3), 
but using search data from all users rather than a particular 
user. The second technique, like the ?rst, produces Pr(Tu|q, 
6”) using a generative model. 
[0106] Finally, in the third technique (in block 1014), the 
query processing system 202 uses a discriminative learning 
technique to directly learn Pr(Tu|q,6M) based on the training 
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data, e. g., rather thanusing Bayes’ rule to produce Pr(TM| q,6M) 
in an indirect generative manner based on prior probability 
distributions. In one implementation, the query processing 
system 202 can perform at least parts of this discriminative 
training in an o?lline manner. For example, the query process 
ing system 202 can perform the discriminative training on a 
periodic basis. In each updating operation, the query process 
ing system 202 can update the pro?les of the users based on 
all of the training data that has been collected for the users 
since the last updating operation. Alternatively, or in addition, 
the query processing system 202 can perform the discrimina 
tive training in a more dynamic manner, e. g., by updating the 
pro?le of a user after collecting each neW instance of training 
data for that user. The dynamic mode of operation may reduce 
or eliminate the need for archiving user data. 
[0107] FIG. 11 shoWs discriminative training functionality 
1102 that can produce Pr(TM|q,6M) based on the type of train 
ing data described above (e.g., comprising pairs of qt and 
MT), for users). In one implementation, it is assumed that the 
conditional distribution lies in the exponential family, With 
the folloWing parametric form: 

[0108] Where A(6) denotes the log of the normalization 
term, also knoWn as the partition function. The training func 
tionality 1102 can apply the folloWing feature vector 8: 

[0109] Where 1 appears in the T+l’th location. In this for 
mulation, the training functionality 1102 learns parameters 
that correspond to a user-speci?c reWeighting of Pr,(T|q). 
Moreover, the training functionality 1102 learns a different 
such parameter vector 6 for each user. Each parameter vector 
has a number ofcomponents, e.g., 6O, 61, etc. 
[0110] More speci?cally, the training functionality 1102 
solves for the parameter vectors by formulating an objective 
function 1104, subject to regularization constraints 1106. The 
training functionality 1102 then can use any optimization 
technique to solve the objective function 1104, e.g., by mini 
mizing the objective function 1104. 
[0111] In one implementation, the objective function 1104 
can be expressed using the Kullback-Leibler (KL) divergence 
as: 

[0112] Ignoring constant terms, KL(f’r(T)t, Pr(T|q;6)) is 
equal to: 

logZ expwm q) - 0) - 2 Wow. q) - 0 
T T 

[0113] The ?rst term in the objective function 1104 in 
Equation (9) expresses the KL divergence betWeen MT), 
(Which is derived from the training data) and a representation 
of the target model, Pr(Tu|q,6M), being formed. In one imple 
mentation, the training functionality 1102 solves the objec 
tive function subject to 6020, where 60 refers to the ?rst 








